structural properties and early degeneration of cartilage. 2, 3 Chemical exchange in proteoglycan and water protons was suggested to contribute to T 1q in cartilage, although T 1q changes in cartilage may be affected by hydration and collagen structure as well. 4 T 2 relaxation times are primarily affected by hydration and collagen structure due to dipolar interactions. 5 Kinematics and kinetics of both the hip and the knee are also important for the clinical assessment of OA. Previous studies have shown that loading of the knee joint is related to the progression of knee OA, [6] [7] [8] but it has not yet been examined with multidimensional factors for the hip. Furthermore, hip OA pathogenesis and progression is also characterized by changes in the subchondral and trabecular bone including early-stage increased bone remodeling and bone loss, as well as late-stage reduced bone remodeling and subchondral densification. 9, 10 Given the multifactorial nature of OA, it might be useful to analyze all factors (ie, morphological, compositional, and biomechanical) simultaneously. In this study we used multidimensional data analysis to generate an OA prediction hypothesis built on the following variables: morphological and compositional cartilage assessments, gait kinematics and kinetics, and bone shape analysis.
Recent advancements in big data analytics and machine learning provide several multidimensional visualization methods with which we can compare individual patients as a "point-cloud" in multidimensional space, overcoming the inherent limitations of single endpoints. 11 Our approach uses the shape, or topology, of our data 11 ; topology is a branch of applied mathematics aimed at formally analyzing geometric shapes. Topological data analysis (TDA) takes a geometric approach to pattern recognition within data. TDA extracts patterns from a multidimensional dataset that can determine relevant subgroups as well as present new insights about the data. 11 TDA has shown promising results in several varied applications, including exploring stem cell transplant complications, 12 phenotyping attentiondeficit/hyperactivity disorder, 13 analyzing US Food and Drug Administration (FDA) drug-target interactions, 14 and a preclinical study in spinal and traumatic brain injury. 15 Recently, the first application of TDA to study knee OA was presented, 2 showing the usage of the technique as a descriptive tool able to identify subject subpopulations and key imaging biomarkers able to predict disease progression. We aimed to use state-of-the-art big data analytics, imaging, and gait analysis techniques to simultaneously analyze all the combined variables in multidimensional space in order to assist the identification of biochemical and biomechanical biomarkers able to classify different disease progression phenotypes in subjects with and without radiographic signs of hip OA. We hypothesized that the simultaneous analysis of all the variables, in the context of a completely data-driven approach, will allow us to discover new interactions between different aspects of the disease, helping to explain the complex mechanism of hip OA pathogenesis and progression.
Theory and Methods

Subjects
The subjects included in the analysis are part of a case-control study aimed to study the longitudinal changes in cartilage, biochemical composition, using magnetic resonance imaging (MRI), in subjects with and without radiographic hip OA. A total of 102 subjects were recruited. The inclusion criteria for OA patients (n 5 34) included definite radiographic evidence of hip OA (Kellgren-Lawrence 16 [KL>1]), while controls were classified as those subjects (n 5 68) without radiographic evidence of OA (KL<2). Patients were excluded if they were involved in concurrent use of an investigational drug, had a history of fracture or surgical intervention on the studied hip, or had contradictions to MRI.
Demographic information including age, gender, body mass index (BMI), and race were collected at the time of recruitment (age: 44.0 6 13.7 years, BMI: 23. 17 was used to assess hip joint pain, symptoms, stiffness, function, and quality of life and used a scale of 0 to 100 to indicate severe or no clinical symptoms, respectively. Evaluation of radiographs were performed using the KL grading 16 assigned by a musculoskeletal radiologist with 20 years of experience (T.L.). All examiners involved in grading, including KL, scoring hip osteoarthritis with MRI (SHOMRI), and biomechanical examination were blinded to others' results.
MRI and Image Processing
Unilateral hip MR images were acquired with a 3T MR scanner (GE MR750; GE Healthcare, Waukesha, WI) using an 8-channel receive-only coil (GE Healthcare). MRI protocol and sequences are described by Gallo et al. 18 The MRI protocol included intermediate-weighted fat-suppressed fast spin-echo (FSE) sequences in the sagittal, oblique coronal, and oblique axial orientations described in Wyatt et al. These sequences were used for semiquantitative clinical grading of hip joint abnormalities using the SHOMRI scoring system, which provides 52 morphological variables described in detail in Lee et al. 19, 20 A combined T1 q /T 2 mapping sequence using a 3D segmented SPGR acquisition was used to assess cartilage proteoglycan content (T1 q ) and collagen orientation (T 2 ), where an increase in T1 q and T 2 relaxation times indicated reduced proteoglycan content and altered collagen structure, respectively. 21 
All image
Journal of Magnetic Resonance Imaging processing was performed using an in-house program developed in MatLab (MathWorks, Natick, MA). 22 Femoral and acetabular cartilage compartment segmentation was done with an edge-based, semiautomatic method previously described and evaluated, 3 to obtain T 1q and T 2 relaxation times in various subregions as described in Pedoia et al. [23] [24] [25] The proximal femur bone of all the subjects were segmented automatically on the T 1q -weighted image with TSL 5 0 using an atlas-based method refined by active contours. All the segmentations underwent a strict protocol of quality control and a single user who manually adjusted the bone segmentation in case of failure of the automatic procedure. Bone shape analysis was performed using 3D-statistical shape modeling as previously described and evaluated, 26 where 20 modes of variation describing the 3D
shape of the proximal femur were extracted and considered for the analysis.
Kinematics and Kinetics
Biomechanical data acquisition used in this study is similar to previous work 27 and is briefly described below. A 10-camera motion capture system (VICON, Oxford Metrics, Oxford, UK) was used to obtain 3D position data at a sampling rate of 250 Hz, while ground reaction forces (GRFs) were obtained simultaneously using two embedded force platforms (AMTI, Watertown, MA) at a sampling rate of 1000 Hz. Forty-one retroflective markers were placed at anatomical landmarks and used to track segment position, while subjects walked at a fixed speed (1.35 m/s). 27 The Visual3D (C-Motion, Germantown, MD) software was used to calculate lower extremity joint kinematics and moments by using an unweighted least squares method 28 and inverse dynamics, respectively. Joint angles were normalized to a static calibration trial obtained prior to the gait trials. External hip and knee joint moments were normalized by body mass and height (Nm/kg*m). Joint moment impulses were computed as the integral of the moment with respect to time (Nm*ms/kg*m). GRF data were normalized by body weight (BW). GRF, hip and knee joint kinematic, and kinetic variables (Supplementary Table 1) were computed for each subject during four successful gait trials, as described in Samaan et al, 23 and were used to obtain the subject's average measures that were used for analysis. Table 1 includes a data dictionary of all variables. All baseline data were used to build the topological shape, but the progression variables were built from baseline, 18-month and 36-month data. Three progression variables (two compositional progression and one clinical HOOS pain progression) were added in order to examine change over time in compositional T 1q and T 2 variables as well as HOOS pain change over time (Table 1) :
Multidimensional Data
RAL AND ACETABULAR). Subjects who showed no cartilage lesion progression over 3 years (DSHOMRI total cartilage grade 5 0) and had a KL grade of <2 (n 5 27) were considered to be the stable reference control cohort. This cohort was used to study the distribution of both T 1q and T 2 changes over time unrelated to disease progression but reflecting technical repeatability and normal aging of the study population. The average (AVG norm ) and standard deviation (SD norm ) of the longitudinal changes (3-Year-Baseline) within the reference control cohort were computed for each of the acetabular and femoral cartilage subcompartments. Subjects with longitudinal T 1q and T 2 changes (3-Year-Baseline) in any of the cartilage subcompartment values that were within AVG norm 12*SD norm were considered part of the "compositional nonprogression" cohort. All remaining subjects with longitudinal T 1q and T 2 changes (3-YearBaseline) that exceeded the AVG norm _2*SD norm within any of the cartilage subcompartment values were considered part of the "compositional progression" cohort. Study subjects with T 1q /T 2 femoral cartilage progression (n 5 28) and T 1q / T 2 acetabular cartilage progression (n 5 27) were separated for analysis.
CLINICAL HOOS PAIN PROGRESSION DEFINITION.
Changes in HOOS pain, symptoms, stiffness, function, and quality of life score over the 3-year period (3-Year-Baseline) were computed. Subjects who exhibited a decrease of >10, indicating a worsening of HOOS related subscores, in any of the five HOOS subscales were considered part of the "symptomatic progression" cohort (n 5 19).
Topological Data Analysis
The TDA method involves mapping each patient as a multidimensional point into the "OA syndromic space" as described in Pedoia et al. 2 TDA is a data-driven tool that allows researchers to project all variables simultaneously into an interconnected network, in order to derive a hypothesis from the generated network shape. The data analysis was performed using Ayasdi cloudbased platform (Ayasdi, Palo Alto, CA, v. 3.0). The TDA network was built by integrating the multidimensional data described above, such as MRI morphological grading, MRI compositional analysis, biomechanical data, and bone shape analysis. The workflow automatically renders crosscorrelations across all selected variables and places individuals into a multidimensional point cloud space viewed through a mathematical "lens" used for dimensionality reduction. The extracted network was built on two lenses of metric principal component analysis (PCA) (resolution 5 30, gain 5 5) and a third lens of Total Cartilage Score (resolution 5 12, gain 5 5).
TDA iteratively clusters subjects based on their similarity where similar individuals were grouped into nodes. At each iteration, the clusters are randomly defined in terms of shape and level of overlap. The topological net is the result of the combination of all the iterations resulting in robustness of the technique.
Further details about the TDA pipeline and theory are reported in Lum et al. 11 The mapping of subjects based on the selected variables into this hip OA network is referred to as the hip OA syndromic space. The results of TDA is a network in which each "node" represents a cluster of subjects that share similar patterns between quantitative variables used to build the network. A single subject can fall into two or more clusters at different iterations of the algorithm, in which case the two nodes are connected by an "edge." By iterating this process, we obtain a network in which the length of the path along the edges between two nodes represents the similarity of the subjects included in the nodes. Figure 1 shows an example of the specific TDA network that we obtained; this network is color coded for number of subjects per node. The two phases of TDA are 1) hypothesis generation: which includes visual inspection of the color-coded network and identification of subpopulations within the network, and 2) hypothesis evaluation: which includes formal statistical Kolmogorov-Smirnov (KS) testing and regression to evaluate the validity of the subpopulations identified in the first phase. The Benjamini-Hochberg method was used to rank the P-value results from the KS test; this will correct for multiple comparisons.
Results
The topology extracted from the data, including morphological, compositional, biomechanical, and shape analysis, produced a network with a clear separation between subjects with radiographic OA (red nodes) in the upper region and subjects without OA (blue nodes) in the lower right; this is an indication of network validity when analyzing OA (Fig. 2) . Based on visual assessment of Fig. 2 , there is a relationship between subnetwork 1 and the presence of radiographic signs of hip OA. Of the 102 subjects analyzed, 34 showed radiographic signs of OA (KL > 1) with an average age of 51.31 6 13.40 compared to the 68 subjects without radiographic OA (KL < 2) with an average age of 40.98 6 12.30. KS testing was performed on subjects in subnetwork 1 (n 5 32) and we observed age 53.1 6 11.8 years (P 5 2.77E-07) and cartilage score 7.6 6 4.6 (P 5 4.09E-10) to be the top predictors of membership in subnetwork 1 compared to the rest of the network (age: 39.8 6 12.4 years, Cartilage score: 1.4 6 1.7) which was significantly lower in both age and cartilage lesion scores. The results of the KS test, (Fig. 2b) were able to separate subnetwork 1 from the rest of the network, but were unable to differentiate between the wider KL range in Fig. 2a .
Progression color-coded networks for hip joint pain and T 1q /T 2 acetabular and femoral compositional progression were computed using longitudinal data in order to investigate the effects over time compared to all the baseline variables used to build the network. Average and standard deviation of the reference groups for each cartilage subcompartment are as described in Gallo et al 
T 1q /T 2 femoral progression (n 5 28) and T 1q /T 2 acetabular progression (n 5 27) were separated. The "symptomatic progression" cohort (decrease in HOOS pain <10) was instead made by 19 subjects. Table 1 reports demographics of all the subgroups.
Upon analysis of the progression colored networks (Fig. 3) , the upper portion contains subjects with both pain and T 1q /T 2 progression, which is consistent with our previous findings of subnetwork 1 being the portion of the cohort with more severe radiographic evidence of hip OA. The lower right of the progression colored networks in Fig.  3 show a relationship with healthy controls with low pain FIGURE 1: Combined network of morphological MRI, biomechanics, compositional MRI, and bone shape analysis. Each circle, or "node," represents a subject or a collection of subjects. If two subjects are similar they are put together in the same node and if two nodes have enough in common they are connected by a line, or an "edge." The proximity of each node to another as well as the number of edges between two nodes represents the relative similarity of the subjects contained in each node. This network is color-coded by subjects per node: Single subject nodes are expressed in blue and scale upwards towards red if a node has more subjects.
progression and low T 1q /T 2 progression (shown in blue). Further visual assessment shows an inverse relationship between pain progression and compositional progression in subnetwork 2, which is inconsistent with the remaining subjects shown in The simultaneous analysis of compositional and symptomatic progression performed by TDA suggested different grouping characterized by an inverse relationship between symptomatic and compositional progression: subnetworks 1 and 3, which include subjects at the edge of the disease As a second step, KS statistical analysis was performed to assess the main variables separating subnetwork 2 and the rest of the network. Table 2b shows the top statistically significant differences between subnetwork 2 and the remaining subjects; knee joint kinematics and kinetics were observed to be the top predictors for membership in subnetwork 2. (Full list of ranked variables found in Supplementary Table 2b.) Subjects in subnetwork 2 exhibited a reduced peak knee flexion angle -16.63 6 4.18 (P 5 0.000485) and first peak knee flexion moment -0.49 6 0.2 nm/kg*m (P 5 4.91E-08) compared to the rest of the subjects (-21.27 6 4.28, -0.72 6 0.2 nm/ kg*m). Biomechanical variables were able to separate subnetwork 2 from the rest of the network, but unable to separate subnetwork 1 (OA group) from the rest of the network or differentiate between the healthy controls and the rest of the network.
Upon examination of Table 2a and Table 2b , it is important to mention that while this is a long list of significant variables, some of the variables are strongly correlated with each other. For example, in Table 2a , "TotalCartilageScore" is a SHOMRI variable made up of all the SHOMRI "Cartilage Lesion" scores combined; in this way, each "CartilageLesion" variable in Table 2a makes up a portion of the TotalCartilageScore. These variables could potentially be reduced to simple, TotalCartilageScore, SHOMRI_Total, age, KneeKinetics_ExMImp2, and KL. Similarly, with Table 2b , all significant variables listed can be narrowed to Flexion and Extension moment impulses, flexion and extension peak moments, SHOMRI CartilageScore, etc. Each stage of gait is connected, so it is not a surprise that a collection of similar variables is found significant.
In order to subclassify specific OA phenotypes, patients with radiographic femoroacetabular impingement (FAI) were analyzed using this model. Once the network was color coded for group during recruitment, those FAI subjects can be seen in Fig. 5a in the yellow nodes. This figure shows FAI subjects falling into both subnetwork 1 (OA symptomatic group) and subnetwork 3 (healthy, asymptomatic group). Statistical analysis and t-test was done on the FAI subjects within these two subgroups to see what separated these two distinct subnetworks. The variable separating the groups with the lowest P-value (0.0017) was SHOMRI Labrum Oblique Axial in the Anterior Labrum (AL) followed by SHOMRI Total (P 5 0.005) and then Hoos Pain Score (P 5 0.006). Upon examination of the TDA model, color coded for SHOMRI scored labral damage, the separation is visibly noticeable. Total Labrum Score (Fig. 5b) and specifically Anterior Labrum Score (Fig. 5c) shows a similar coloring with that of the radiographic KL separation (Fig.  2a) . The other SHOMRI scoring for Labrum, the posterior and anterior superior, were not significant.
Discussion
It is necessary to characterize particular OA traits or phenotypes from available data in order to classify and diagnose patients. A common approach in the past has been to use single-variable analysis in order to classify traits or phenotypes of OA. TDA overcomes these single-variable limitations by allowing for a multidimensional analysis of all available data simultaneously. The TDA tool allows for visualization of every subpopulation within a dataset that leads to novel hypothesis generation otherwise unavailable if done with single-variable investigation.
Previous studies have looked at the association between T 1q and T 2 relaxation times and the presence of cartilage lesions and found that compositional MRI data could be a potential biomarker for OA. 18, 29 In addition, further studies have correlated acetabular cartilage defects with higher patient-reported pain. 30 We could expect, therefore, to see a pattern of OA disease progression that includes increased T 1q relaxation times, increased cartilage defects, and increase in pain outcome. However, it has yet to be proven that increased pain and increased T 1q are correlated despite this suggested pattern. We would expect to see this similarity in the hip; however, it was only found in two out of the three subnetworks. In subnetwork 1, subjects with characteristics suggesting disease progression showed the expected relationship between pain and T 1q /T 2 values. In subnetwork 3, those subjects who were classified as nonprogressors with healthy cartilage exhibited no pain or compositional progression. However, subjects in subnetwork 2 increased in pain while showing no change in cartilage composition and the other half showed no change in pain while increasing compositional progression. As there was no radiographic or morphological evidence of disease progression in subnetwork 2, it would be extremely difficult to diagnose these patients as potential disease progressors using standard radiographic and MR-based assessments of hip joint morphology, yet with TDA we are able to observe other factors that may play a role in disease progression in subnetwork 2. Our analysis showed that the defining characteristics separating subnetwork 2 from the rest of the network were knee joint mechanics. Subjects in subnetwork 2 ambulated with a more extended knee joint compared to the rest of the network and may potentially affect hip joint mechanics as well. Although we did not observe any differences in hip joint mechanics between subnetwork 2 and the rest of the cohort, previous work has shown reduced peak hip extension and external hip flexion moment in subjects 27, 31 with hip OA and suggests sagittal plane hip joint mechanics may be an important factor in disease progression. Similar to the results of our study, previous work 31 has demonstrated reduced knee joint excursions in patients with hip OA. We found knee range of motion to be the most prevalent factor separating subnetwork 2 from both the healthy subjects (subnetwork 3) and those with strong signs of OA (subnetwork 1). Because walking speed was controlled, less flexion and extension at the knee would force a shorter stride length with a higher stride rate. This change in gait may be responsible for the inversion of pain and T 1q progression in subnetwork 2. These altered knee joint mechanics observed in subjects in subnetwork 2 may be early indicators of hip joint pain worsening or early signs of hip joint degeneration. Reduced knee range of motion, which may lead to reduced hip range of motion, could be one method used to adapt to pain in the early stages of the disease before radiographic or morphological signs are present. The biomechanical separation in subjects in subnetwork 2 suggest that knee joint mechanics may be a contributing factor in the early signs of hip joint pain progression or degeneration. Subnetwork 2a and subnetwork 2b both share the change in gait pattern mentioned above, but their inversion of T 1q and pain progression is visibly separated by age. It is possible that knee joint mechanics in subjects in subnetwork 2 may be aimed at reducing pain, but this in turn may be altering the loading patterns in the hip joint, which may cause alterations in cartilage composition. On the other hand, subjects in subnetwork 2 who exhibit longitudinal alterations in cartilage composition without progression of pain may be performing tasks, such as jumping and cutting, on a more frequent basis, due to a lack of pain, and thereby applying larger loads to the hip joint. Intervention programs targeted at adjusting knee joint mechanics in these subjects may help to reduce or prevent the progression of pain and/or alterations in cartilage composition. Future studies should perform longitudinal gait analyses in the subjects described in subnetwork 2 in order to determine whether or not a clear change in lower extremity mechanics occurs that may help to further explain the inverse relationship between progression of hip joint pain and cartilage composition.
According to previous studies, it is well known that FAI is heavily associated with the progression of OA. [32] [33] [34] The bony cam outcropping causing the impingement of FAI can result in both symptomatic and asymptomatic patients. Those patients whose FAI leads to OA commonly report symptoms of pain; whether this is a result of either the impingement, the OA, or both is essential in diagnosing as well as classifying each individual. Labral tears are also known to be commonly associated with FAI symptomatic patients. 32, 33, 35 While it is not yet proven that labral tears are the cause of pain in FAI or that those subjects with labral tears might progress to OA faster or more easily than those FAI patients without labral tears, there is still some literature supporting these hypotheses. 36, 37 Those subjects with greater symptoms of OA, most notably high KL scores, and greater pain also show significantly higher labral tears, further investigation is needed; however, this model gives strong evidence to the idea that labral scores are able to stratify patients similarly to pain progression as well as KL scores. Although these data show promising results, there are study limitations that need to be addressed. The short follow-up time and small sample size require further investigation in order to confirm the results of this study. The design of this study included various levels of OA and a different study design could take into account this variety of disease as well as age. In addition, our results were limited by the use of longitudinal hip joint cartilage composition and pain progression analysis and the use of cross-sectional biomechanics data. A morphological progression variable was unable to be accurately predictive or useful given the short time frame and the sample size of the study. This means that particular morphological features attributed to OA might have been overlooked given the design of the study and that overall variables such as Total Cartilage Score and Total SHOMRI Score took precedence over more specific morphological scorings. In the future, the study design could be adjusted to include the ability to observe longitudinal changes in hip joint morphology.
In conclusion, by use of multidimensional TDA, we were able to map all variables simultaneously into the OA syndromic space and observe a visual separation of subnetworks. This separation is characterized by common traits leading to different stages of hip OA. We showed the importance of including all data upon diagnoses, including morphological, patient-reported pain, compositional, and biomechanics data and demonstrated the ability to classify different phenotypes of OA based on multiple variables as opposed to single reference points.
